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EXPLORING NONRESPONSE IN U.S.FEDERAL SURVEYS
Maria Gonzalez, OMB; Dan Kasprzyk, NCES; and
Fritz Scheuren, IRS

Section 1: Introduction

This paper is intended te provide a broad summary of
nonresponse rate trends in U.S. federal government surveys. We
have built directly on the work of a Subcommittee on Survey
Neonresponse, commissioned in 1991, by the Office of Management
and Budget’'s Federal Committee on Statistical Methodology
(FC8M) . A particular debt of gratitude needs to be
acknowledged for the role played by Bob Groves (Subcommittee
Chair}, Mick Couper and the other members of that Subcommittee
for their input inte what follows (see acknowledgements for a
full list of the members).

Highlights of the Subcommittee’'s efforts have already
appeared in the April AMSTAT NEWS (Gonzalez, Kasprzyk, and
Scheuren,1994). A more extended treatment will be given in
this paper. S8till other papers based on the Subcommittee's
work will appear in the Proceedings of the 1994 meetings of
the ASE.

The present material is organized into four main
sections, along with supporting figures, references,
acknowledgements and an afterword. First, there is this short
Intreduction (Section 1); some background considerations come
next. These considerations led to the establishment of the
FCSM Nonresponse Subcommittee (Section 2).

In Section 3, an overview of the work of the Subcommittes
is given, including the principal findings on nonresponse rate
trendes in federal surveys. Naturally, a discussicn is given of
limitations as well.

Finally, the recommendations of the Subcommittee are

revigsited in Section 4 and comments made on the future steps
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that we, as federal government statisticians, should take --
both as individuals working on our own surveys and by acting

collectively to improve practice as a whole.

Section 2: Some Background on Nonresponse in Federal Survevs

Like the poor, nonresponse in surveys may always be with

us. In the days of "representative" samples drawn purposiwvely,
neonresponse was present but not wvisible. (Quota sampling,
even today, makes measuring the extent of the actual
nonresponse difficull -- maybs impossible) . With the ascent of
the random sampling paradigm (Bellhouse,1388), nonresponse
hecame a problem that needed to ba "sclved."

In so far as U.S. Federal surveys are concerned, the
turning point in government practice for the randomization
paradigm came when Deming invited Neyman to lecture at the
U.S.D.A. Graduate Schocl in 1937. Morris Hansen, using
Neyman's ideas and his own, and with many collaborators, did
the rest (e.g., Hansen, Hurwitz, and Madow,1953).

It seems clear that Hansen and the other early picneers
understood quite well that randomization-based inference was
direclLly challenged by nonresponse. Concerns about bias, for
example, were evident from the beginning. In Cochran(1977)
there is an example of an early treatment that simply widens
the confidence intervals directly to account for the
nonresponse bias, This conservative approach was consistent
with the main focus of the random samplers of that era who
were busy inventing ways to reduce nonresponse to the bare
minimum. The U.S5.Census Bureau in its Current Population
Survey (e.g., Hanson,1978) still continues successfully in
that tradition.

Hansen and his collaborators, in addition teo a primary
emphasis on "prevention," developed designs which called for
the subsampling of nonrespondents le.g., Hansen and
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Hurwitz,1946). These were a natural extension of the basic
randomization paradigm and called for more thorough fieldwork
on a random subsample of nonrespondents. One of the results
of this work was to introduce the idea of a weighted response
rate. Such samples naturally alsoc had their own nonresponse
problems; so this approach too was seen from the beginning as
only a partial one. Post-survey adjustment techniques to
compensate for flaws in the randomization due to nonresponse
were alsc attacked as well.

For those interested in more information, a special
September 1575 issue of the Journal of the American
Statistical Association is a recommended reference [(Gonzalez,
Ogus, Shapira, and Tepping, 13975). This article provides a
useful summary of federal goverment (largely Census Bureau)
practices on the reporting of sampling and nonsampling errors,
including nonresponse (see also Duncan and Shelton (1978) for
gtill more on the history of s=sampling in U.8. Federal
surveys) .

While nonresponse in federal surveys has always been said
to be an indicator of the guality of survey data, interest and

concern has grown during the last two decades:

L The Panel on Incomplete Data, established by the
Committee on National Statistics in 1977, produced three
volumes focussing on incomplete data in sample surveys
{Madow, Nisselson, Olkin, and Rubin, 1583).

] The Council of American Survey Organizations (CASRO)
reviewed response rate definitiones with the intent of
trying to establish uniformity of definitions across
surveys (CASRO, 198Z2).
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] Steeh (1981) and Groves (19%8%) reviewed trends in the
response rates in nongovernment surveys, indicating a

decline in response rates over time.

] During the last ten years, the tight federal budget
climate has prompted gquestions about the ability of
federal statistical agencies to maintain high response

rates with a constant budget.

Thecretical developments in the handling of nonresponse
have grown encormously since the mid-1970's. Indeed, Lhe
problem has drawn the attention of some of the best
statisticians now working on surveys. The MNational Academy
Panel'’s report on Incomplete Data(l983) was a culmination of
gorts. A review of nonresponse adjustment technicues was done
by Kalton (1983). Even so, in the ten years since the Panel's
report, there has been a lot more done and no end is in sight.
The bock on nonresponse by Little and Rubin (1986) and a
separate book by Rubin (1987) on multiple imputation are
perhaps the two most prominent examples of the important work
that continues. The treatment of Sarndal et al (1992) and
Lessler and Kalsbeek (15922} also are valuable for the way,
among other things, they place nonresponse in context of total
SUrvey error.

Within this general environment of greater interest in
nenresponse, the FCSM decided to sponsor an effort te learn
what was known abkout nonresponse as a source of bias in
federal survey estimates. Prominent factors in making this

decisicn were --

] The lack of a systematic review of the topic since the

1983 Committee on National Statistics report.
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& A growing perception among the members of the federal
statistical community that nonresponse in federal surveys

had been increasing over time.

In any event, in 1991 a Subcommittee of the FCSM was
formed to study nonresponse in federal surveys. The initial
charge of the Subcommittee was, simply stated, to "begin an
effort to better understand unit nonresponse in surveys." The
proposed approach was to conduct a broad-based review of the
level of unit nonresponse rateg, currently and over time, in
federal surveys. The details of the SubcommitLees‘s work are

covered in the next Section.

Section 3: Work of FCSM Subcommittee on Survey Nonresponse

The Subcommittee was specifically charged with the
mission to investigate for Federal surveys the levels of
response rates, the measures used to compute these response
rates, response trends from 1982-1991, perceived correlates of
nenrespeonse, and other related information.

In earrying out its mission, the Subcommittee cbtained
information from 26 demegraphic and 21 establishment surveys.
These surveys were not selected by probability wmethods,
because no machine-readable listing of Federal surveys with
gsufficient auxiliary information for appropriate
stratification was available. The 47 surveys were chosen,
however, te include Federal surveys that differed on a number
of key design parameters: those conducted on an cngoing or an
intermittent basis, those conducted by Federal agencies, and
those carried ocut by contractors under Pederal auspices.

Because of the large differences in the design of surveys
to collect establishment wversus demographic data, separate
guestionnaires were constructed for each type and sent to
respective survey sponsor or data collection agency. The

intent of both gquestionnaires was to elicit information on a
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variety of survey features that earlier literature has shown
to affect nonresponse. In addition, information was sought on
strategies for post-survey adjustment for nonresponse.

The Study itself incurred ne unit nonresponse but did
incur a small amount of item nonresponse in its data
collection activities. Indeed, it was difficult to get the
agencies to respond to the nonresponse questionnaire.

The findings of the Subcommittee span the range from the
expected to the surprising. As in any research undertaking,
of course, the conclusions drawn from an analysiz of the
gucationnaires should be treated with caution. This point is
particularly well taken here given the purposive nature of the
sample, the small number of survevs included in the data
collection, and the wide variety of design differences that

characterize these surveys. Some highlights follow.

Trends in Nonresponse Rates. Despite the prior beliefs of

many in the Federal survey community, there was little
evidence of declining response rates over time for either the
establishment or demographic surveys 1included in the

Subcommittees’'s study:

L Establishment Surveys. To analyze the response rates cof
egstablishment surveys over time, it is more meaningful to
limit the analysis to those surveys which reported
response rates for several years. For this reason, the
analysis of tCime trends in the response rates for
establishment surveys cover only the nine surveys for
which both weighted and unweighted data were available

for at least six reporting periocds between 1981-1991.
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Figure 1 shows the average weighted response rate for the
nine selected surveys. Figures 1-5 are based on work of
the FCSM Subcommittee on Survey Nonrespconse. As may be
seen, the weighted response rate was only slightly
decreasing over the pericd covered by the data. The
average decrease was about 1/4 percent per year. Figure
1 also shows the mean unweighted response rate for the
selected nine surveys from 1984-1990. The unweighted
rate was slightly increasing, but stable over the pericd.
The average increase was about 1/2 percent per year.

Figure 2 shows weighted response rates for the nine
egtablishmant surveye. Five of these weighted reesponee
rates are 950 percent or above. Two sSeries have a
welghted response rate betwsen 70-20 percent and two
series are around 50 percent. More about establishment
trends in response will be said in Osmint, McMahon, and

Martin.

Demographic Surveys. Most demographic surveys used
unweighted response rates rather than weighted rates for
routine monitcoring of the data collection process and so
we have followed this convention here as well. The
analysis of trends over time for demographic surveys was
restricted to those surveys with at least 4 data peoints
in the period 1982 to 1991. Only 8 of the 26 demographic
surveys included in our data collection met this

criterion.

The mean nonresponse rate by year was calculated for
these eight surveys from the data provided, alocng with

refusal rates and noncontact rates where available.
Although the stimulus for the creation of the

Subcommittee was the belief that response rates weres
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declining over time in demographic surveys, Figure 3 does
not support that belief. The mean nonresponse rates for
the surveys included in the sample are minimally lower in
1991 than in 1982. This figure shows that refusal rates,
a major component of nonresponse, have remained about the
same. More about demographic trends in response will be
said in Johnson, Botman, and Basiotis.

For the Current Population Survey a longer time series of
data iz available. Figure 4 shows that the level of
nonresponse has been stable for some years. Since the
refusal rates seem to have increased, a possible
implication is that more effort may have been made to
reduce other nonresponse components -- so as to achieve
relatively constant gverall response rates.

An examination of response rates for the more-frequently
fielded demcgraphic surveys reveals large variations
ACIOSS Ssurveys. This wvariation can be partially
understood by separating the studies into twe groups (see
Figureg 5). One group has response rates in the 95
percent range, while a second cluster lies about 10
percentage points lower. The studies in the 95 percent
range consist of ongoing studies conducted by the same
interviewer corps. The studies in the lower group tend
to be less frequently conducted. Neither group exhibits

strong trends over time.

In summary, despite the prior beliefs of many in the
survey community, there was little evidence of declining
response rates over time among either the establishment or
demographic surveys included in the study. This could be due
to a greater effort in data collection but technological and
other survey context changes make this hard to verify. Ome
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final point about these results may be worth making again:
There were only a limited set of surveys on which time trends
can be measured--just nine establishment surveys and eight

demographic surveys.

Other Findings.-- There are other findings from the
Subcommittee’s work; but only three are highlighted here.

These involved issues in the definition of nonresponse,

response rate documentation, and post-survey adjustment

methods:

. Definitions for Nonresponse. Despite the study’s focus
on nonresponse rates and despite having contacts in the
agencies, major difficulties arcse in cobtaining
consistent information. Just as was found in an early
(albeit more general) study,..."rates have different

names and different definitions in different places and
times." (Bailar and Lanphier, 1878) This issue led, in
part, to cne of the study’'s major recommendations (see
figure 6, Subcommittee Recommendation 3).

- Response Ralte Documentation. Reporting practices for
documenting response rate components varied widely across
the surveys in the study. Common practice in
establishment surveys is in contrast to common practice
in demographic surveys. Sponsors of demographic surveys
not only were more likely to maintain records regarding
a wider variety of nonresponse components but also tended
to maintain more historical information. For example,
all of the demographic surveys in our data collection
included some information about response/nonresponse
compeonents. In contrast, for the establishment surveys
analyzed, 10 out of 21 did not track any nonresponse

components.
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. Post-survey Nonresponse RAdjustment. Respondents were
asked about a number of post-survey adjustment technigues
designed to reduce the effects of nonresponse: post-
stratification (e.g., simple ratio or raking ratio
adjustment), regressicn modelling of the propensity to
respond, and imputatien. All surveys in the Subcommittee
study used some degree of post-survey nonresponse
adjustment. Some of the approaches were very
traditional, while others reflected more recent research
on estimation strategies.

In the remaining section of this paper we cover the
Subcommittee’'s recommendaticone and a few ideas on future

steps.

Section 4: Some Next Ste T

The Subcommittee made four recommendations that are given

in detail in figure 6. Stated briefly the subcommittes
L

recommended :

L Survey practitioners should compute nonresponse rates in

a uniform fashicon over time.

L ] In repeated surveys, response rate components should be

monitored in conjunction with cost and design changes.

L] Agencies that sponsor surveys should publish how they
compute response rate and their components in survey
reports and their relevance to the quality of the survey
results discussed.

L] Ongoing research should be conducted on nonresponse
adjustment wariables, costs and benefits of converting

refusals, and similar nonresponse management concerns.
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All of these recommendaticns seem rather cbvious. They
address some very basic survey management and reporting
requirements; furthermcre, the suggestions are close in spirit
and substance to those made by other groups over the last two
decades.

It is true that every survey program examined by the
Subcommittee calculated nonresponse rates in some fashion and
had some auxiliary information about aspects of nonresponse.
It is also true that most survey programs did not have readily
available what the Subcommittee viewed as "basic" data on
nonresponse; nor did repealed surveys have a time series
easily available of nonresponse rates and nonresponse
componenta .

What can we expect for the future based on the results of
this small exploratory study? Some conjectures follow:

L First, it is unrealistic to assume that the
recommendations by yet another subcommittee will be
adopted uniformly by the agencies of the Federal
statistical system.

® Second, unless mandated, individual survey program
managers are likely to remain individualiscic and
independent with respect to their acceptance and adoption
of recommendations concerning their surveys.

L Third, it is important to recognize the diversity of the
management of individual survey programs and build on
each survey programs’ strengths. In other words, these
recommendations should be no more than guidelines in any
cage.

@ Fourth, the survey data collection manager and the agency
that sponsors the survey need to work together as a team
with the interests of the ultimate customer paramount --
recognizing that an information system producing data on

nonresponse and its components is mutually beneficial.
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One need not assume the points made above are necessarily
pesaimistiec. The underlying theme iz the development of a
fully professional partnership among data collection managers,
agencies that sponsor survey programs, and ultimate customers.
Mutual respect and understanding for each octher’s requirements
(given budget constraints) is essential for improving the
reporting of nonresponse and nonresponse components. The
current theme of "reinventing government" speaks well to the
prospect of improving these professional relaticnships through
its team building and customer orientation emphases.

Finally, we can expect incremental improvements in the
issues discussed here through the continuing work of the
Federal Committee on Statistical Methodoleogy (Gonzalez, 1994)
and the National Science Foundation initiated "Program in
Survey Methodology" offered by the consortium of the
University of Maryland, University of Michigan, and Westat.
Both programs are dedicated to the improvement of the guality
of Federal survey data. Through these efforts and the
individuals inveolved in Federal data collection programs,
progress will be made.

Most of this paper looks inward at the federal
statistical system. Obviously, wmuch can be learned by
examining private sector experiences and through international
comparisons. The companion paper at this session by David
Binder and his colleagues from Statistics Canada is an example
of what we have in mind. Clearly, too, the Statistics Canada
approach to nonresponse rates is worthy of further study by
those interested in this area (see Statistics Canada, 19932 and
Hidiroglou, Drew, and Gray, 1993)

In the spirit of ‘'reinvention," a systematic
benchmarking apprcach is needed. Some important beginning
efforts that bear mention in this regard include the papers by
Lyberg and Dean (1992) and Christianson and Tortora (1993).
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Figure 6.--Summary of FCSM Recommendations on Survey Nonresponse

Fecommendation 1. Survey staffs should compute response rates in
a uniform fashion over time and document response rate components
on each edition of a survey.

The subcommittes chose not to recommend that every survey use the
same response rate computations. Other groups have recommended
such uniformity (see CASRO, 1982). In the Subcommittee’s view,
every definicion of response rate components offers some useful
information. Some response rate definitions inform the designers
about the rate of success of measurement of the average sample
unit; others focus on different causes of nonresponse. 0One can
distinguish between measures useful as management tocls and
measures that should be reported to data users so that they can
assess the quality of the survey data.

Eecommendation 2. Survey staffs for repeated surveys should
monitor response rate components (e.g., refusals, not-at-homes,
out-of-scopes, address not locatable, postmaster returns, etc.)
over time, in conjunction with routine documentation of cost and
design changes.

The Subcommittee believes that response rate components are
useful toels to monitor changes in the quality of survey
statistics. Response rates should be easily accessible and
timely. By themselwves, they are not error measures; however, for
repeated surveys, changes in response rate components may signal
the need for supplementary study of nonresponse error properties.
Such changes can alert the survey designers to changes in the
"survey-taking climate® that affect completion of measurement,
point to changes in the administrative contrels over response
rates that may need adjustment, and help measure the effects of
any design changes made.

For ongoing surveys, graphs of time series of response rate
components, juxtaposed with costs for each collection cycle, and
indicators of design changes introduced in that cycle, can be
valuable management tools. Survey managers need better toocls to
diagnose the causes of cost changes in data collectiocn
activities. Falling response rates, especially those associated
with cases requiring much effort prior to the ultimate
nonresponse, magnify cost pressures on surveys. The
subcommittee’s study did not collect data on survey costs,
because comparable cost information across surveys was not
beliaved to be availabla.

Eecommendation 3. Agencies that sponsor surveys should be
empowered to report the response rates of their surveys. The
sponsoring agency should explain how response rates are computed
for each survey it sponsors. Response rates for any one survey
should be reported using the same measures over time, so that

623




users may compare the response rates. Response rate components
ehould alsoc be published in survey reports.

An agency that sponsors surveys should compute and explain in its
survey publications the response rates for each of the surveys it
sponsors. Surveys sponsored over time should report the same
measure of response for all data collection periods so that users
can compare these measures over time. The actual method used to
compute response rates should be described in all publications
issued.

The results of recommendations 1 and 2 should be shared routinely
with the users of survey data, along with discussions of the
relevance of response rates to evaluating the quality of the
survey data. An analysis of the characteristics of the
nonrespondents should be implemented routinely as part of each
cycle of data collection.

Recommendation 4. Some research on nonresponse can have real
payoffs. It should be encouraged by survey administrators as a
way to improve the effectiveness of data collection operations.
The Subcommittee believes that areas of research most likely to
yield payoffs include:

L Studies of the relative costs of final efforts to raise
response rates, through persuasion, repeated callbacks, and
other measures. When these costs are compared to number of
cases added to the respondent pool, the relative cost per
case can be computed. Studies of the effects of these final
cases can be made in an effort to assess the cost
effectiveness in terms of mean square error of the final
efforts.

- Studies of the measurement error propertles of informacion
provided by the reluctant respondent cases, relative to the
nonresponse hias in statistics that would omit them from
computations. This would address a key guestion in survey
design: When data collectors exert great effort to persuade
the reluctant to respond, is one type of error, nonrespcnse,
merely exchanged for another type, measurement errcr?
Perhaps, those persuaded to regpond may exert less effort at
providing accurate data?

. Studies on what variables should be collected to improve
post-survey adjustment for unit nonresponse (zee Madow et
al, 1983: Recommendation 10(2)). When cbservable or inferred

characteristics of nonrespondent units are related to the
survey variables and to the likelihood of participation,
then collecting and using these wvariables in post-survey
adjustment models might be a cost effective method of
reducing overall mean sguare errors.
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MODEL-BASED REWEIGHTING FOR NONRESPONSE ADJUSTMENT
David A. Binder, Sylvie Michaud and Claude Poirier
Statistics Canada, Ottawa, Ontario, Canada EK1lA 0T6

ABETRACT

Nonresponse in surveys is inevitable. Much has appeared in the
literature on methods of compensating for this source of
nonsampling error. There is a growing interest in attempting to
understand the causes of nonresponse and studying the differences
in characteristics between respondents and nonrespondents. In this
paper, we briefly review some related literature, discuss modelling
approaches for adjusting for nonresponse and present the research
findings for two surveys conducted at Statistics Canada. In both
the Survey on Labour Income Dynamics and the Farm Financial Survey,
we examine differences in characteristics between respondents and
nonrespondents and the suitability of adopting a modelling approach
for compensating for nonresponse.

KEY WORDS: Ceneralized regression estimators; Logistic regression;
Response propensity.

1. INTRODUCTION

In wvirtually every survey, no matter how ecarefully it is
designed, we must accept the fact that some data will be missing.
Other than data that is missing by design, such as data from
nonsampled units, data can be missing for many reasons; for
example, non-contact with the respondent, refusals, late reporting,
collection and processing errors, data deletion due to edit

failure, undercoverage, etc.
Some measures must be taken to deal with such nonresponse.

over the years, a host of techniques has been developed. The
actual choice of technique should depend on a number of factors.
These include the method of estimation to be used, the amocunt of
information about the nonrespondents that is available, the extent
of other sources of error such as sampling error and response
error, the relative importance of the variables to be estimated,
the resources available for exploring the problem, the nature of
the analyses to be performed and the statistical inferences to be
made from the survey, ete. )

However, even with all of these criteria, there must
necessarily be some subjective Jjudgments on the nature of the
nonresponse. As we shall see, many of the methods for coping with
nonresponse make use of models, either explicitly or implicitly.
Even the most ardent advocates of the pure design-based school will
resort to some model assumptions when it comes to adjusting for
nonrespense. This presente a new set of problems associated with
the statistical inferences, since the randomization distributions
on which the inferences are based are no longer purely design-
based, unless the nonresponse mechanism can be considered to be
part of that design.

In this paper, we shall focus on the implications of the
estimation method to be used and the amount of information about
the nonrespondents that is available. It will be assumed that the
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prime focus of the survey is to obtain estimates of descriptive
statistics, such as means, totals, differences and ratios. Often
nonresponse is broadly categorized into unit-level nonresponse and
item-level nonresponse. This categorization is often extended, in
the case of longitudinal or follow-up surveys, to wave-level
nonresponse, where wave nonresponse is usually unit nonresponse on
a particular survey cccasion. In fact, it is for the case of wave
nonresponse where we have the richest source of data for the
nonrespondents who reported in previous waves.

Unit nonresponse is usually defined as cases where only the
frame information is available for the respondents. In practice,
this definition is extended to other cases where there is
insufficient usable data from the respondents. The usual method
for dealing with unit nonresponse is to use an "appropriate®
weighting procedure to compensate for the nonresponse. (We define
weighting procedures here broadly to include weight adjustments
implied by regression, ratio or similar estimation techniques using
auxiliary data.)

On the other hand, item nonresponse is handled either through
imputation at the item level, or by ignoring the usable information
and treating the respondent like unit-level nonrespondents. For
wave-level nonresponse to longitudinal surveys, either reweighting
or item imputation may be'suitable. In this paper, we focus on the
methods that use welghting technigues.

In Section 2, we discuss the basic theory underlying many of
the adjustment methods and give a brief literature review. In
Secticns 3 and 4, we give examples of two surveys at Statisties
Canada where some of these models have been studied recently. We
summarize cur findings in Section 5.

2. SBOME GENERALITIES

2.1 Estimation

In general, we are interested in means, totals, ratios, etc.

of survey variables, We denote the value of the i-th survey
variable for the k-th respondent as yg. In cases where the
occasion, t, is relevant, we can use y,. instead. A sample is
selected according to some well-defined sampling plan. The

sampling plan is usually based on frame information such as
geography, and other classification and size variables. We use s
to refer to the selected sample. Unfortunately, in practice, after
the k-th respondent is selected, a number of things can go wrong in
the process of cbtaining and recording the y-values. Some of these
are in the general category of response errors, where we obtain
data, but they are not the y-values we were seeking. In this
paper, we ignore these types of errors, except to point ocut that if
these errors lead to large biases, the resources for nonresponse
concerns may need to be trimmed in order to address the larger
problem. The problem that we are addressing here is the case where

the y-values are uncbtainable. We dencte by s'c s the set of units
for which we obtain usable y-values. (The subscript t is implied,
where appropriate, for longitudinal surveys.)
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First, we describe the estimators in the case of no
nonresponse. Associated with each sampled unit, k, we have a
survey weight given by

we(s) = gp(8) ng,

where =, is Pr(kes), the usual first-order inclusion probability,
and g;(s) is a weight adjustment that makes use of auxiliary frame
data, such as poststratification, regression and ratio adjustments,
etc.: see, for example, Sarndal, Swensson, and Wretman {1892). We
assume that the estimator of a total for a y-variable on the t-th
occasion is given by

fit o E Wi lS,) Viges (2.1)

k€s,

Note that this estimator could be made more general, if necessary,
to allow for composite estimators and multiphase samples which can
depend on y-values that are observed on other occasions, but we do
not introduce this complexity here. sufficient conditions for
(2.1) to be asymptotically design consistent are:
1) the probability distribution of s depends only on
the auxillary data but not directly on the y-values

for the current occasion, (2.2.1)
2) the limiting expectation of g,(s) is unity, (2.2.2)
3) the variance of ? is asymptotically zero. (2.2.3)

We now consider the implications of nonresponse. Formally we
assume that, given the sample, s, the set of responding units, st
follow a probability distribution p(s’|s) . This is completely
general, allowing for correlated response patterns. It also allows
for the classical case, where it is assumed that the response
behaviour is nonrandom and is an inherent attribute of the selected
respondents, just like the survey variables. We now consider
methods of nonresponse adjustment which we refer to as generalized
reweighting methods. Associated with each respending unit, k, we
have an adjusted weight given by

wi(s’, 8) = gi(s’, 8) w(s),

where gi{Sﬂ s) is a weight adjustment that makes use of auxiliary
frame data, as well as other information that may be available for
the nonresponding units. This allows the weight adjustment to
depend on survey values that were observed on previous occasions
frem a longitudinal survey. We assume that the estimator of a
total for a y-variable on the t-th occasion is given by

GR ! !
fﬁt} = E: W}[E:rsgjiﬁkr- (2.3)
keEl
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We let p,(s) be Pr(kes’|s). In addition to (2.2.1) to (2.2.3)
above, sufficient conditions for (2.3) to be asymptotically
consistent with respect to the original design and the response
probabilities are:

1) the probability distribution of s’ given s depends

only on the auxiliary data and the survey data from
previous occasions, but net directly on the V-

values for the current occasion, (2.4.71)
2) the limiting expectation of gils!, 8) is
(EPel ], (2.4.2)
3) the variance of ?'°® is asymptotically zero. (2.4.3)
If (2.4.2) is violated, then the expectation of #'*® is
Y Elgk(s’, s)]|Epy(8) |¥e- (2.4.4)

The form of this bias is important, because if one were to impose
model assumptions on the y-variables, it is possible that the
model-bias becomes =small. Illowever, for these whe wish to make the
fewest model assumptions, it is clear that one should restrict
attention to adjustment methods which yield condition (2.4.2) as
claosely as possible. This implie=s that the weight adjustment
should reflect the propensity to respond as nearly as possible. Of
course, the probability mechanism generating these response
probabilities are generally unknown, so the weight adjustment must
necessarily be model-based.

Another important feature of (2.4.2) is that if there are some
"hard-core" nonrespondents -- that is, units where p,=0 =-- there
would be no consistent estimates.

2.2 Examples from the Literature

The most basic form of reweighting for nonresponse that may
lead to acceptable results is to simply use g,(s’) instead ofg,(s)
in {2.1). This implies that

gi(s’, s) =g, (8') /g, (s) .

This was suggested by Bethlehem (1988) for the case of the
generalized regression estimators. In this case we have that the

bias of the estimator is Xp*-¥, where P* is the expected value of
the estimated r-weighted regression coefficient with no nonresponse
adjustment. We see then that even though this estimator is
generally hiased, if the regression model is reasonahle, the bhias
can be small.

Ch and Scheuren (1983) discussed weighting class adjustment
methods, which is a poststratified estimator using weighting
classes as poststrata. We see that this is consistent under the
assumption that the response propensities are egqual within
weighting classes. In practice, this technique is in widespread
use; see, for example Chapman, Bailey, and Kasprzyk (1986). It was
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extended to generalized regression estimators by Sarndal and
Swensson (1987).

one of the difficulties with weighting class adjustment
methods is that there may be too many weighting classes to contrel.
Binder and Theberge (1988) showed that with a multiplicative model
for response propensities, raking ratio estimators will yield

unbiased estimate=z. This is consistent with (2.4.2). More complaw
weighting schemes are proposed by Alexander (1987) and Deville,
Sarndal, and Sautory (1993). These could be justified under

various model assumptions for the response propensities.

Many authors have proposed the use of logistic regression
models to explain the nonresponse mechanism. This is a commonly
used model for binary dependent variables. Examples of this can be
found in Ekholm and Laaksonen (1991), Folsom (1991), and Lepkowski,
Graham, and Kasprzyk (1983%). In the latter paper, the logistic
regression model is compared to weighting class adjustment methods,
where the weighting classes are determined through some data
analytic searching methods.

In Iannacchione, Milne, and Folsom (1991), after weights are
included to reflect the estimated propensity to respond, the
weights are fine=tuned so that certain estimates correspond to the
estimate obtainable with the nonrespondents included. This is
possible for wave nonresponse where certain estimates can be made
Ior a previous wave using either the previcus wave respondents or
the current wave respondents. This technigque should generally
improve the estimates. The differences in the estimates can also
be used as an diagnostic toocl for the model.

Judkins and Lo (1993) and Eltinge and Yansaneh (1993) used
logistic regression to model the nonresponse propensities, but then
created weighting classes based on the fitted walues and used
weighting class adjustment methods to reweight. One of the
drawbacks of the weighting class adjustment methods is that the
appropriate weighting classes are not always cbvious, so that such
data modelling is used to help define the classes. It is expected
that this method should yield results that are similar to the
weights based on the logistic regression. However, if the logistic
model is correct, the method will tend to introduce a small bias
since (2.4.2) will be violated. In practice, though, the logistic
regression model is only an approximation to the true probability
mechanism.

As we can see, reweighting methods have a strong base in the
literature. The theory we have given in Section 2.1 indicates that
the validity of these methods are model-based. Therefore it can be
important to study the characteristics of the nonrespondents to
develop the most suitable model. In Sections 3 and 4, we perform
such studies on each of two surveys. We see that the models help
our understanding of the factors that contribute to nonresponse.

An important side benefit of such studies is to help the
survey manager pinpoint areas for improvement in the data
collection phase.
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3. SURVEYS OF LABOUR AND INCOME DYNAMICS AND
LABOUR MAREET ACTIVITY

3.1 Introduction

Statistics Canada launched a major panel survey of households
in 1994 called the Survey of Labour and Income Dynamics (SLID).
The survey follows individuals and families for six years,
collecting infermation on their labour market experiences, income
and family ecircumstances. Its origins are in several surveys,
including the Labour Market Activity Ssurvey (LMAS). The IMAS
served both as a lengitudinal and as a cross-sectional survey. Two
panels have been conducted to date, a two-year panel during 1986-
1987 and a three-year panel during 1988-1930. For each
longitudinal panel, respondents who participated in the first wave
were interviewed and traced. All perscns living with them in the
following waves were also interviewed but not traced. Different
studies are currently being conducted on nonresponse to the LMAS in
hopes of finding apprcocaches that will minimize the impact of
nonresponse on the SLID data. Here we discuss our study on model-
based reweighting.

Similarly to its predecessor (LMAS), the longitudinal sample
for SLID is selected from the sample of dwellings that participated
in the Labour Force Survey (LFS8) in January 1923. The LFS has a
response rate of 35%. Out of those respondents close to 90% agreed
to participate in SLID. This sub-sample of respondents, comprising
15,000 households, is defined as the longitudinal sample,
representative of the Canadian population as of January 19%3. The
longitudinal sample will be interviewed for six years, with two
interviews carried out each year. Note that a sub-sample of LFS
respondents who had refused to participate to SLID has been
selected for evaluation purposes. If they respond in subsegquent
years, we may be able to determine how different they are from the
rest of the sample. Freliminary analysis could not find systematic
differences in the LFS characteristics between the nonrespondents
and the respondents. More studies will be done by linking the full
sample to administrative files to be able to evaluate if there are
differences in terms of income characteristics.

Attritional nonresponse will be compensated with a weighting
adjustment. Imputation will be used to compensate for some
nonresponse; for example, nonresponse that is non-attritional. The
weighting will include the following steps:

i) caleulation of the initial weight based on the sample design,
ii) nonresponse adjustment,
iii) post-stratification by province, age greoups, and sex to the

1933 population estimates.

The longitudinal panel of ILMAS has been used as the research
vehicle for the nonresponse modelling and weighting adjustments.

3.2 LMAS survey Design and Nonresponse
For the first interview of the panel, IMAS is conducted as a

supplement to the January Labour Force Survey (LFS). All eligible
respondents from the LFS are included in the IMAS sample. In the
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subsequent waves, for the longitudinal Fﬂmpunent. of IMas, all
respondents to the first wave are interviewed in January of the

following year(s). People are traced if they have moved.
LFS uses a multiple stage sample design. A stratum is defined
based on geographic wvariables. At least two distinct PSU's

(primary sampling units) are selected within each stratum. LFS
initial weight= go through a =zeries of adjustment factors at the
stratum level to produce a sub-weight. This sub-weight is then
adjusted to population estimates by province/age-group/sex groups,
plus an adjustment by Economic Region and Census Metropolitan Area,
to produce a final weight. More details may be found in Singh,
Drew, Gambino, and Mayda (1990).

For the IMAS longitudinal sample, nonresponse adjustment is
done at the stratum- component level, corresponding to a PSU or a
group of PSU's, as defined for the LFS. A poststratification is
then done to adjust the nonresponse adjusted weights to population
estimates at the province/age-group/sex level.

When the IMAS file was evaluated, it was found that

nonresponse was gquite different among certain groups:

- movers, including pecple that could not be traced, had a
nonresponse rate of close to 20% while nonresponse for
non-movers was about 2%. This was by far the

characteristic that presented the most differences,
= based on characteristics from wWave 1, persons that were
employed in Wave 1 had higher response rates after three
years than those who were unemployed in Wave 1,
= seimilarly, persons that were married in Wave 1 had higher
response rates in Year 3, compared to those who were
single in Year 1,
- persons who lived in non=-urban areas in Year 1 had higher
response rates after three years.
The different characteristics between respondents and
nonrespondents suggested that nonresponse adjustments should be
done at some level different than stratum-component. Logistic
regression was used to model the nonresponse behaviour. The
multiple logistic response function is
logit(p) = log[p/(1-p)] = P'x,
where p is the probability of response to the 1987 survey for a
1986 survey respondent, B is the column vector of regression
parameters, and x¥ is the vector of independent variables.

3.3 Modelling the Response Probabilities

The dataset for the 1986/87 panel of LMAS consisted of 66,817
individuals, of which 3,385 (5%) were nonrespondents to the 1987
interview. Demographic variables that were likely to be related to
nonresponse were chosen from the 1986 ILMAS master file as possible
independent wvariables for the model.

The variables examined for inclusion in the nonresponse model
were:

Province at 1986 interview
Urban/Rural area indicator at 1986 interview
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Household size at 1986 interview
Type of dwelling (house; other) at 1986 interview
Status of dwelling (owned; rented) at 1986 interview

Sex

Age at 1986 interview

Marital status at 1986 interview

School attendance (full time; part time; none) in 1986
Highest level of education at 1986 interview

Any employment in 1586

Any unemployment in 1986

Any out-of-labour-force in 1986

Humber of jocbs in 1986

any short tenure jobs (< 2 years) held in 1986

Any long tenure jobs (2 years or more) held in 1986
Any absences from work in 19886

Industry ef jeb(s) in 1986

Average weekly income (over all jobs) in 1986

Received any unemployment insurance in 198&

Received any welfare in 1986

Moved (changed address between 1986 interview and 1587

interview)
All the categorical wvariables were converted to groups of
dichotomous variables. The differences between respondents and

nonrespondents with respect to the independent wvariables were
analyzed. The correlations between all pairs of these variables
were examined to find any potential multicollinearity.

First, a stepwise linear regression procedure was used to
identify potentially useful variables for the modelling. This
reduction in the cheoice of variables resulted in fewer variables to
be entered inte the legistic procedures saving considerable
computer resources. The variables given in the STEPWISE procedure
were entered into the SAS procedure PROC LOGISTIC with the BACEWARD
and FAST options. These options allowed ILOGISTIC to use an
approximate backward elimination methed to eliminate nonsignificant
variables. Different logistic regression models were fitted to the
full dataset using combinations of the most significant wvariables
identified from the sample file. A consideration in choosing the
model was the number of variables. It was desired tc have a model
with a small number of variables so that utilizing the model would

be simple.
The model is used to make adjustments to the weights of the
respondents in the second year (1987). For this model, the

dependent wvariable was total nonresponse, and the independent
varlables were characteristics cobserved the previous year (1986)
plus the current year's information (1987) on whether or not the
person moved.

The BACKWARD option of PROC LOGISTIC was used with the sample
file to identify eight wvariables related to nonrespocnse.

Male (MALE)
Single (SINGLE)
Rented dwelling {RENT)
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Any employment (ANYEMP)

Highest educaticn=secondary {EDUCSEC)
Moved since 13986 interview (MOVED)
Household size, to a maximum of 8 (HHS)
Age (AGE)

Bafore fitting the models on the full dataset, the two
continuous variables (household size and age) were examined for
linearity on the legit scale. BAs with the prediction model, the
age wvariable was replaced by two dichotomous wariables for age:
AGEl for persons aged 25-54, AGE2 for persons aged 55-69 - the
survey was conducted for persons aged 16-69% - and a transformation
was applied to household size (HHSTRANS=|HHS-4.5]).

Four models were fitted to the full dataset: (1) using all
eight wvariables; (2) using all except RENT; (3) using all except
EDUCSEC;: (4) using all except EDUCSEC and AGE. Although all eight
variables were gignificant using the sample file, when the modals
were fitted to the full data file, certain ones no longer appeared
important. However, it was decided to retain them in the models
anyway. The statistics for evaluating the fit of the models
indicated few differences between the four models. The Pearson
residuals were plotted against the fitted values and the residual
plots were examined. The residuals from Model (3) indicated a
slightly better fit with fewer extreme values. Again using the
sample file, the data were examined for the presence of two-way
interactions between the variables in the model. Two sets of
interactions were added to the model: the (AGEl AGEZ2) *HHSTRANS and
(AGE1l AGE2)*SINGLE. A summary of the fitted values for this model
is given below. Note that the age and single variables as well as
their interactions are not statistically significant.
Nevertheless, when a model was fitted with these variables removed,
it was found that there were more extreme values in the residuals.
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Table 1

Parameter Estimates for Weighting Final Model.

Variable B 5.8, o2
INTERCEPT | -3.81 0.14 702.59
HHSTERANS (.13 0.06 4.97

MALE | 025 0.04 41.98
RENT | 023 0.04 29.14

SINGLE | 011 0.16 0.43

MOVED 2.31 0.04 3065.95

AGE1l | -0.15 | 017 0.75

AGE2 | -0.19| 0.15 1.65
AGEI*HHSTRANS | 0.02 | 0.07 0.07
AGE2*HHSTRANS | 0.05| 0.06 0.55
AGEI*SINGLE | 013 | 0.18 0.52
AGE2*SINGLE | 011 | 0.17 0.40

Using the estimated parameters from the final model, predicted
probabilities of nonresponse were calculated for all respondents to
the 1987 interview and a nonresponse adjustment was made. Finally,
a poststratification adjustment to population control totals at the
province-sex-agegroup level, yielded the 1987 final weight.

3.4 Evaluation of the Weights

If the nonresponse welighting adjustment is adecquate, there
should be no difference in estimates obtained from the 1986
respondents and estimates cobtained from the 1987 respondents when
tabulating on 1986 characteristics. A number of demographic and
labour-related characteristics were evaluated. Estimates were
calculated using the 1986 weights, the 1987 model-adjusted weights,
and the 1987 regqular weights, including a ratio-adjustment at low
geographic levels for nonresponse adjustment. For each
characteristic a 95% confidence interval was calculated for the
estimate based on the 1986 weights. The two 1987 estimates were
compared for differences to the 1986 estimates as well as
differences to each cther. Tables 2 and 3 below show socme of the
results. Table 3 incorporates the poststratification adjustment,
which, in general, improves the estimates.
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Table 2
comparison of the estimates with +the two non-response
adjustments, before the past»stratificatian,'tahulated on 1986
characteristics.
= — — ;ﬂﬁl
1986 95% c.i. for | 1987 1987
estimate | 1986 model- regular
estimate based estimate
estimate
rit atu
Married 64.6% (64.1,65.1) 65.1% 65.7%
Single 26.7% (26.3,27.0) 26.3% 25.7% ||
Widowed 3.1% (2.9,3.3) 3.0% 3.0%
Divarced 5.7% (5.4,6.0) 5.6% 5.5%
t cati
Grade 0-8 14.7% (14.2,15.2) 14.650 14.69
Secondary 503% (49.7,50.9) 50.0% 50.0%
Some Post-Secondary 10.1% (9.8,10.4) 10.2% 10.1%
Post-Sec. Cert./Dip. 12.9% (12.5,13.3) 13.1% 13.1%
University Degree 12.0% (11.6,12.4) 12.2% 12.2%
Wee loved in
) weeks 22.8%% (22.4,23.2) 22.6% 225% |
1-26 weeks 12.09% (11.7,12.3) 11.7% 11.6%
27-48 weeks 12.2% (11.9,12.5) 12.1% 12.0%
49-52 weeks 53.0% | (524536) | 53.6% | 540%
—= —— — ==

of all the characteristics compared, only ©
was outside the 1986 confidence interval:
using the regular weighting.

weeks emplo

one pattern was clear, however.

ne 1987 estimate
yed=49-52

The

estimates using the model-based weights were consistently closer to

the 1986 estimates
weighting.

than
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4. FARM FINANCIAL SURVEY

4.1 Introduction

The Farm Financial Survey (FFS) has been a reqular
agricultural survey eince 1980. The cbjective of the survey is to
gather financial information on Canadian farmers. The survey
collects information on revenues, expenses, ascets and liabilities.
crop and livestock information are also collected to measure
physical characteristics of the farms. Due to the collection of
censitive data, a low response rate has always been ocbserved for
the survey. A study was initiated on the 1992 survey data to
jdentify the causes of nonresponse and possible solutions to reduce
its impacts on the estimates.

The population of interest consists of all Canadian farms
active for +the reference Yyear, excluding the multi-holding
companies, the institutional farms, the community pastures, the
farms on Indian Reserves and the farms with less than $2,000 in
cales. The survey population is represented by a list frame and an
area frame. The 1992 list frame was a register of all of the 1986
Census farms without the farms defined by the above exclusion
rules. The list frame was stratified within each province by farm
type and by farm size. The farm size was defined by the total farm
assets derived on the Census.

The area frame was used to compensate for the undercoverage
due to the Census itself or caused by new farms which setarted their
activities since 1986. Basically, the area frame was a list of
land segments outlined on topographic maps. Stratified replicates
of segments were selected from the area frame. 211l farmers
operating some land in the sampled segments were enumerated, and a
register was created. There were 1,153 area frame farms that did
not appear on the list frame. They were all contacted for the FFS
as for other agricultural surveys. 1In additien to the area frame
farms, a stratified sample was selected from the list frame to
obtain a overall sample of about 12,000 farms. See Britney and
Poirier (1992) for more details on the 1992 FFS sample design.

Domain estimation within each stratum was performed to obtain
estimates of level from both the list and area samples. The simple
expansion estimator was used on the 1992 list sample. The initial
weighting was done by stratum using the population size over the
observed sample size, so that a nonresponse adjustment is made at
the stratum level. For the area frame, the estimation was done
separately by replicate. For a given replicate, the data wera
aggregated at the segment level by applying to the farm data,
factors corresponding to the proportion of the farms within the
segment. Then, the segment totals received expancsion weights (7)
to represent the population. When nonresponse occurred for an area
farm, the respondents within the same segment were reweighted on an
area basis to compensate the farm land for which data were
unavailable. For both the 1list and area units, partial
nonresponses were donor imputed and used the same way the regular
respondent were. Details are given by Maranda (1989).

The nonresponse cbserved in the 1992 Farm Financial Survey was
relatively important. The FFS questionnaire was relatively long
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with many sensitive guestions related to the financial balance
sheet. The resulting total unit-level refusal rate of about 15%
across the country was the highest of our agricultural surveys. In
addition to the total refusals, the no-contacts represented another
5% of the sample. Some provinces presented higher nonresponse rate
than others. In Saskatchewan, data were unavailable for almost 30%
of the sampled farms. Table 4 shows the nonresponse distribution

across the country.

Tabhle 4

1992 Nonresponse Distribution

Province Sample Total No-
Size Refusal Contact "
Newfoundland 211 - 20 16
PEL 528 64 14
Nova Scotia 668 74 11
New Brunswick 537 48 18
Quebec 1311 124 51
Ontario 1513 250 84
Manitoba 1756 321 109
Saskatchewan 1880 424 126
Alberta 1868 312 109
B.C. 1448 175 138
Total 11720 1812 676,

4.2 Nonresponse Models

A part of our study was first to identify the causes of
nenresponse. This could help taking decisions related to the
collection methods to increase the response rate. It also allowed
the identification of factors that may be considered in any
nonresponse reweighting models. Since, the no-contacts and the
refusals were possibly caused by different factors, they were kept
separate in all of the hypotheses we made. The potential causes
that were studied on the 1992 FFS data are:

1 - The frame origin: This corresponded to whether or not
the rarm was selected from the list frame. Since the
area frame farms were conceptually missed by the Census,
they probably showed characteristics that trend to
generate nonresponse. Also, since the area sample is
being used by many agricultural surveys, the area frame
farms might refuse because of their response burden.

2 = The farm size: The capability or the will to respond
could depend on the farm organisation and on its size.
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The size was evaluated using the farm assets and sales
cbtained from the 1986 Census of Agriculture. This size
was available only for the list units.

3 - Geography: The geographic lecation aimed to identify the
interviewer effect and the impact of farmer associations
which could boycott government surveys because they were
not benefited by their programs. Census divisions were
used to verify this hypothesis.

4 - Farm type: The farmer's availability depends on the type
of his farm. Seven categories of farm type were used to
differentiate the farms.

5 - Response burden: Because the large number of
agricultural surveys held in a short pericd of time, the
response burden became important for some farmers. The
overlaps with the December Stock Survey and the January
Livestock Survey (JLS) were both studied to verify its
impact on the response rates. These surveys were both
conducted less than two months before the FFS, The
effect of the overlap with the previous FFS, held in
1990, was also investigated.

6 - MAge of cperator: The age of an operator could affect its
will to cooperate, but the data available to verify this
hypotheses were not reliable enough to do any studies.

Tests of independence were conducted to verify if any of the
above factors could affect the response status: 'completed', 'no=-
contact' and 'refusal'. The partial refusals were included with
the completed gquestionnaires. The statistic used to conduct the
independence tests was the weighted Pearson statistic x? with the
Fellegi (1980) correction to take inteo account the design effect.
This test is known toc be conservative.

The farm assets and sales, which were both indicators of the
farm size, were replaced by categorical variables defined using the
estimated quartiles. The census divisions representing the
gecgraphic location were grouped into a maximum of 9 classes within
each province. This ensured a minimum numnber of observations
within each cell of the cross classification with the response
status.

In some cases, where dependence was detected between the
factors and the response status, additional tests were conducted to
identify the nature of the dependence. This was done through
statistical tests on proportions. The most important conclusions
are described here but more details can be found in Poirier (1994).

The independence tests, conducted with a confidence level of
5%, ldentified certain causes of nonresponse. First, within each
province except Ontario, the farm type had a high impact on
nonresponse. Also, the farm size measured in term of assets
affected the response rates in most of the provinces, but no
significant impact was due to the sales variable. The geographic
location and the response burden generated by the previous FFS
survey significatively affected the probability to respond in three
provinces. Finally, the frame origin and the overlap with the
January Livestock Survey or the December Crops Survey seemed to not
affect the response status at all.
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As in Section 3, we modelled the nonrespondent behaviour with
logistic regression modelling using the SAS procedure LOGISTIC. We
performed the analysis separately by province. Using frame origin
as an independent variable, the results confirmed the previous
conclusions of no frame effect. Since some variables were not
available for the area sample and since the frame origin did not
seem to affect the response, the remaining analyses were performed
only on the 1list units, which represented more than 90% of the
whole sample. In the rest on this paper, the results applied for
the list units only.

For the purposes of this study, the following variables were
included in the model:

i) Assets (1 if assets are smaller than the
median, 0 otherwise),

ii) Sales (1 if sales are smaller than the median, 0
otherwise),

iii) Type . (1 if in the i* farm type, 0 otherwise),

iv) Area; (1 if in the i* geographic area, 0
otherwise),

v) FFS (1 if in the 1990 FFS sample, 0 ctherwise),

vi) JLS (1 if in the 1992 JLS sample, 0 ctherwise),

The farm types are (1) crop farms, (2) dairy farms, (3) cattle
farms, (4) hog farms, (5) poultry farms, (6) sheep farms, and (9)
unknown type of tarm.

The variables that were found more significant by the BACKWARD
option within the provinces were kept in the model. The most
commonly selected variables were the farm types and the FFS
variables. Table 5 shows the resulting estimated parameters
corresponding to the variables kept in the model. It also provides
the attached %* values.
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Table S

Nonresponse Logistic Parameters with their y? Values

Frow. Intercept FFE Assets Typed TypeS Type6 Type? Areal Area? Aread AreaS Argaf Areal
NFLD B 1.37 1.05 , - =1.78
b'd 3r.23 5.75 6.76
PEI B 1.75
¥ 204.18
KS B 1.93
¥ 275.05
B B 1.65 0.71
x 88.87 E.79
QUE B 2.05 : ; 4 -0.58 : . . -0.45
¥ 352 .98 5.11 4.03
ONT o} Q.93 0.53 i.o7
x 71.00 14.18 4.09
HAN B 0.54 0.44 ; " -0.45 H =1.16 Q.53
¥ 113.35 13.34 4.21 J3.50 14.05
SASK B 0.594 0.5 0.31 -2.40 g : . ; -0.61 -0.32
¥ 78.44 18.67 65.85 134.31 12.20 &£.22
ALE B 1.04 0.68 0.26 -0.33 3 . -1.12
X 7525 30.12 4.30 G5.51 40.48
BC B 0.58 . ; . . . . 0.9 0B ©0.47 0.43
¥ 74.82 15.29 21.01 5.85 5.13
- -— — — = =

Variables that were not significant for any of the provinces
have been removed from this table. From the %? results, it appears
that the FFS overlap and the farm Type7 (representing the sheep
farms) have the most important impacts on nonresponse. The
positive FFS parameters mean that farms overlapping the previous
FFS tended to have higher response rates, whereas the negative
sheep farm parameters (Type7) imply they tended to respond less
ocften.

Weighted regressions were also fitted to the data using the
WEIGHT statement of the LOGISTIC procedure. The weighting variable
was defined at the stratum level as the design weight adjusted to
the overall sample size. Stratum level adjustments were not
performed. The resulting estimated parameters were very close to
the first set of estimates which, as we explained in Section 3, is
highly desirable.

4.3 Evaluation of the Weights
To evaluate the nonresponse adjustment, the 1992 frame values

representing farm assets were estimated from the sample. Assets
levels were estimated for each province with the corresponding

642




coefficient of variation (CV), including the nonresponding units.
Then, estimates based only on respondents were produced, using the
original weight, adjusted for nonresponse at the stratum level
only. By comparing both set of estimates we could derive the
nonresponse bias introduced by the current method. Finally,
regression adjusted estimates were produced from the above logistic

model .
1f we denote by ¥, and CV, estimated level and coefficient of

variation, respectively, from the full sample, and ?md the

corresponding adjusted estimates based only on respondents, we can
estimate the bias associated with the adjustment model. In Table

& we show the results.

Table &

Comparison of the Adjustment Models for 1992 Frame Value of Farm
Acsets

Stratum Adjusted Logistic Adjusted Weight
Prow. Ya cv, (%) Weighl

BIAS (%) BIAS {X]
NFLD 7.7 EOT £.91 2.34 1.80
PE! 6.7 E08 f.76 -0.35 0.13
] 7.9 E08 0.68 -1.15 =0.27
KH 6.1 Eda 0.82 -0.18 0.45
QUE &.5 Em 0.53 -0.28 =0.04
ONT 2.1 Ela 0.56 -1.16 =0.85
MAN 8.0 E09 0.57 0.21 0.45
RASKE 2.7 Eln n.&2 =040 =0 RS
ALB 2.7 EID 0.57 0.53 -0.12
BC 5.& E09 0.g2 -2.32 -2.24 "
TOTAL 1.0 Ell 0.E5 =0.33 =0.54

We see that the logistic adjusted weight generally performs
better, but not consistently so. In fact the bias increases for
NB, MAN, SASK, and the Total. To improve the meodel, inclusion of
some interaction factors like size and farm type, or size and
geography was tried but they were rarely kept in the model and when
they were, the resulting effects were small and their impact was
negligible.

4.4 Conclusion

The selected model did not consistently provide the expected
bias adjustment. This may be caused by a low number of factors
included in the model or by the fact that significant factors were
used in the frame stratification. Future work might include
looking for more interactions using the Autcmated Interaction
Detection method used in Section 3. Also, now that the 1993 data
are available, the study could be extended.
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5. BUMMARY

Nonresponse adjustment through reweighting is now in common
use. We have shown that the success of this technique generally
depends on having available wvariables that can be used as good
predictors of the nonresponse behaviour. Having such variables,
varions modals can be used to adjust the estimates based on the
predicted response propensities. This seems to be the best general
approach. Other approaches include using estimation methods such
as regression estimators to compensate for the deficiencies of the
sample. We have seen that if the regression models are wvalid, the
nonresponse bias vanishes.

We have concentrated here on asymptotic biases. However,
there are still many unresolved issues for estimation of variances
and construction of confidence intervals. As well, we have not
properly addressed the issue of whether or not to use the sampling
weights when fitting the nonresponse models. In our examples, the
weighted and unweighted versions of the estimated response models
gave similar results. This is highly desirable since it confirms
the wvalidity of the model.

Nonresponse problems will not go away. A better understanding
of the response mechanisms will lead to better survey practices in
the long run.
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NONRESPONSE DISCUSSION

J. Michael Brick
Westat, Inc.

I would like to thank the authors of both papers for presenting insights on very different
aspects of the nonresponse problem. The first paper, “Exploring Nonresponse in U.S. Federal
Surveys” by Gonzalez, Kasprzyk, and Scheuren, reports on the activities of a Subcommittee on
Nonresponse for the Federal Committee on Statistical Methodology (FCSM). The main focus of
this paper is on trends in response rates for federal surveys over the last 10 years. The second
paper, “Model-based Reweighting for Nonresponse Adjustment” by Binder, Michaud and Poirier,
Teports on research in a particular approach to reduce the bias due to nonresponse.

In “Exploring Nonresponse in U.S. Federal Surve vs,” the authors describe recent
investigations of the levels of response rates and trends in nonresponse and refusal rates in federal
surveys conducted from 1982-1991. The other parts of the mission of the subcommittee include
reporting on correlates of response rates and other related matters,. We look forward to reports on
those activities later this summer.

The findings on trends in nonresponse rates are especially welcome. In general, these data
show that there has been no increase in nonresponse or refusal rates over the last decade. This
finding contradicts the conventional wisdom that nonresponse rates, and refusal rates in particular,
have been rising due to the increases in the burden on respondents. It clearly shows that it is risky
to make general conclusions about this type of phenomenon based on limited data.

Given that response rates seem to be fairly stable over the last decade, the question still
remains about the value of judging the quality of survey data over time from this type of data.
After all, we are really interested in the quality of the data, not the response rates themselves.
However, response rates are the only measure of quality typically produced from surveys. While
having something that is measurable is uscful, response rates are frequently not very informative of
the quality of the data.

Using what Deming ealls the “modern” approach to quality control, it is important o
recognize that the response rates are really a product characteristic of a survey. Survey
methodologists, on the other hand, must concentrate on the process of collecting data. The danger
is that examining product variables alone can mask the process related to the quality of the data.
For example, if the population surveyed changes so that a group that has generally high response
rates is now sampled, then we might expect the response rates to increase. Thus, response rates
might change even if respondents willingness to participate remained the same. Similarly,
unweighted response rates may be affected by changes in the sample design, such as changes in
the sampling rates for different segments of the population.

For survey methodologists, the process must be the most important part of their job. They
are responsible for producing survey data of the highest possible quality within the constraints of
the survey. In many ways, this paper only peripherally addresses this set of core users, becanse it
does not discuss the process itself. To do this requires more process data, much of which is not
comparable across surveys.

The focus on response rates is also limited for other reasons. The important relationship
between response rates and costs is not explored in this paper. Cost data are crucial, since the cost
of obtaining the same level of response rates may have increased or decreased. Unfortunarely, cost
data are extremely difficult to obtain and formulate in a manner that is useful for comparison
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purposes. Developing a general method for analyzing cost data remains, in my opinion, one of the
most important unresolved problems in survey research.

As the authors of this paper indicate, improving response rates does not always improve
the quality of the survey estimates. This has been misinterpreted by some researchers to mean that
response rates are not important. They are important and reasonable efforts should be made to
eliminate nonresponse. The real question is related to how much effort should be placed on
improving response rates versus reducing other sources of error in a survey. The answer to this
question is not always clear, but there are guidelines for reasonable practice. In general, the
resources devoted to a source of error (be it sampling or nonsampling) should be proportionate to
the size of that error relative to the sum of sampling and nonsampling errors.

In one of their recommendations, Gonzalez, Kasprzyk, and Scheuren state that research
should be encouraged by survey administrators as a way to improve the effectiveness of data
collection operations. They include a specific recommendation that studies of collecting items to
improve post-survey adjustments should be encouraged. I think this is a very interesting choice
for the recommendation. It supports collecting items rather than exploring new methodologies. 1
applaud this direction. Research on collecting additional items is a sound direction to improve our
ability to decrease nonresponse bias.

The paper by Binder, Michaud and Poirier, “Muodel-based Reweighting for Nomresponse
Adjustment” is very consistent with the recommendations of the FCSM Subcommittee. Since the
type of nonresponse discussed in this paper is not planned, randomization does not apply and a
maxdeling approach must be used to reduce the bias. The authors discuss the results from applying
a specific form of modeling nonresponse for two different surveys.

Their efforts to reduce the bias in the estimates for the Survey of Labour and Income
Dynamics (SLID), closely parallel work done on the U.S. Survey of Income and Program
Participation (SIPP). The Census Bureau sponsored several efforts to examine methods to reduce
attrition bias in the SIPP and many of the papers from these efforts will be presented this summer.
In the SIPF research conducted ar Westar, we used many of the same techniques 1o model the
nonresponse as Binder, Michaud and Poirier, with much the same result.

I would like to make two specific comments on the paper prior to returning to a discussion
of the importance of collecting items for reducing nonresponse bias. The first deals with the use of
the logistic regression model used to predict response propensity. This work, and our own efforts
in the SIPP research, suggest that these types of models are not the most conducive to uncovering
relationships between variables when faced with a large number of potential predictor variables.
Categorical search algorithms seem better equipped at identifying nested relationships that might be
important for reducing nonresponse bias. In this paper, these relationship were uncovered with the
search algorithms and added to the logistic regression model. We have used the output from the
search algorithms to form cells for nonresponse adjustment directly. Both methods seem to work
reasonably well.

The second comment is really a question. The item most related to nonresponse was mover
status. People who moved were far more likely to be nonrespondents. This characteristic has
obvious appeal and conld be of great importance in nonresponse bias reduction. The question is
how nonrespondents were defined as movers or nonmovers based on the data available. In most
surveys, we do not have these data for nonrespondents. I think it would be useful for other survey
methodologists to see how the authors made this classification for SLID.

If an item such as whether or not the person has moved is available, then it can be used to

estimate response propensity. Having items that are good estimators of response propensity is
critical for reducing bias. I have found that different nonresponse adjustment methods, when
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properly applied, often have approximately the same performance. This may happen because
almost all the methods estimate individual response propensities conditional on auxiliary data.
Estimating a response propensity for each unit is very difficult since only one observation is
available (the unit either responded or did not respond). Items related to the likelihood of
responding at the individual level are, therefore, extremely valuable to improve this estimation,

The authors take an approach that seems most sensible. They include as large a number of
items as possible in the model without allowing the adjustments to become so variable as to unduly
increase the variance of the estimates. Since nonresponse bias is a function of the covariance
between the estimate and the response propensity, items related to both should be entertained. As
suggested in this research, the first items included should be those related to response propensity.

If it were possible 1o model these response propensities ]JIﬂCiSﬂ:r?', then the nonresponse bias for all
the estimates would be eliminated. Since the modeling is imperfect, additional items highly related
to key statistics from the survey should also be included, where possible.

While longitudinal surveys and studies in which there are frames with substantial data on
the sampled units may be able to use this method to reduce the bias due to nonresponse, the more
typical situanon may be that faced in the Farm Financial Survey. In this case, the data on the frame
are limited and do not appear to be predictive of either response propensity or the key estimates.
The methods used are not very effective on reducing the nonresponse bias, as might be expected.
If the nonresponse is large enough in a survey of this nature, the reconumendation of the FCSM w
develop a mechanism for collecting items useful for nonresponse adjustment should be seriously
considered. This common situation reinforces the importance of keeping nonresponse to a
ITINITLIm.
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DISCUSSION

Joseph L. Schafer
Pennsylvania State University

1. Comments on "Exploring nonresponse in U.S. Federal Surveys”

This paper by Gonzalez, Kasprzyk, and Scheuren (GKS) is worthwhile
reading. Section 2 gives a mice historical overview of the development of
statistical methods for survey nonresponse. As this section clearly
demonstrates, many of the great strides in the practice of nonresponse
adjustment, and survey sampling in general, have come about as a direct
result of personal interaction between stalis ticians in federal agencies and
in those in academic circles. It is our hope that this type of fruitful
interaction will continue in the years ahead.

In the world of surveys, there are many different types of nonresponse.
Unit nonresponse arises when the entire vector of survey variables for a
sample unit is missing. Item nonresponse arises when individual elements of
the vector are missing. As pointed out in the other paper in this sessien,
panel surveys often suffer from wave nonresponse, which occurs when the
entire vector of survey variables is missing for a unit at a particular
occasion or wave. The GKS paper has introduced a new type of missingness:
nULre5ponSe nonresponse, which occure vwhen members of the federal
statistical community fail to report their nonresponse rates to members of
the FCSM subcommittee. An even worse type of nonresponse NONLresponse 0CCuUrs
when producers of federal surveys do not report basic inf ormation on
nonresponse--such as nonresponse rates and methods of adjustment--to the
users of their data.

It is worthwhile to ask whether nonresponse nonresponse is ignorable, in
the sense defined by Rubin (1987). In the FCSM subcommittee’s study, the
nonresponse nonresponse would be ignorable if the nonresponding
statisticians’ surveys were representative of all federal surveys in terms
of missingness rates, methods of adjustment, etc. Chances are, the
nonresponding statisticians had desks that look like mine--paperwork stacked
up a foot high all around--and they didn’t find the time to return the
questiomnnaire. Or, perhaps they didn’t respond because they hadn’t been
tracking basic information such as nonresponse rates, and compiling the
information would have required an unusual amount of effort. Whether those
characteristics of the nonrespondents are systematically related to the
basic study variables is anyone’s guess. In the common, non-technical sense
of the word, however, this nonresponse to the FCSM subcommittee's study is
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probably mnot ignorable; we shouldn’t ignore it. If members of the
subcommittee found it so difficult to obtain even basic information on
nonresponse from the very people who produce the survey, imagine how hard it
must be for the average data user to do the same thing.

It was astonishing to see that almost half of the establishment surveys in
the study had no tracking at all of the various components of nonresponse. We
hope that in the future, producers of federal surveys will take to heart the
recommendations of this report and devote a little more time and effort to
studying and documenting the levels and causes of nonresponse. At any rate,
it is comforting to learn that the basic perception that many of us had--that
nonresponse rates have been rising over the past few years--may be only a
perception, and the sum tetal of the various nonresponse components may not
have changed very much.

Reading this paper made me think a lot about the future, and what
directions we should take in our research on nonresponse and nonresponse
adjustment. The suggestion near the end of the paper--that data collectors
and statisticians wvork tegether as a team, sharing information in a way that
is mutually beneficial--is especially thought-proveking. If this were done,
it would open up entirely new avenues for developing improved methods of
nonresponse adjustment. As shrinking budgets force us to re-allocate our
resources, it may not be possible to continue to spend so much money chasing
after nonrespondents, trying to get them to hand their data vectors over to
us. It's becoming increasingly likely, for example, that the Census Bureau
will not have the resources in the year 2000 to follow up on every housing
unit that doesn’t mail back its census ferm with a persenal intarview.
Statisticians and data collectors should start to think long and hard about
which nonrespondents they should attempt to follow up, and how persistently
they should attempt to do so. They need to weigh the costs and benefits
invelved in converting refusals and not-at-homes to responses, so that they
may decide whether the money might be better spent elsewhere.

In regard to this point, I would like to make two basic observations. The
first observation is that not all nonrespondents are equally important. In
industrial settings, statisticians have to carefully design their
experiments. Trial runs are typically expensive, and they have to decide
under what values of X they should collect their next value of ¥'. They know
that certain, carefully chosen combinations of Xs will help them to "nail
down'" the quantities of interest much better than cther combinations of Xs,
so they choose their values of X carefully before spending additional money
to collect ancther Y.
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Figure 1: Data after the initial phase of collection

In a survey setting, there is typically an initial phase of data
collection in which every unit in the sample has been contacted once, or at
least an attempt has been made to contact them once. After this initial phase
there will be a pool of nonrespondents, and there will be (a limited amount
of) money to spend on attempts to convert some of them to respondents. Which
nonrespondents should we go after first? To ansver this question, we should
look at their Xs. At this point, the data will resemble the diagram in
Figure 1. Variables available from the sample frame, denoted by X, will
knewn for all sample units. Survey variables, denoted by Y, will be
available for the respondents only. Let us partition Y as ¥V = (Yoi: Yoia)
where Y,;, denotes the values of the survey variables for the respondents, and
Y. the values of the survey variables for the nonrespondents. It should be
possible to build a regress ion model for the distribution of Yy, given i
and then use this model to guess or predict what the values of Ymi will be.
These predictions may then form the basis for ranking the nonrespondents
according to the priority with which they should be followed up.

Let P(Y,,|X,#) denote the form of the nodel fit to Y,;, given X, vhere §
represents some unknown parameters. Let y; denotean element of Yni,. To the
classical survey statisticiam, y7 is a fized, unknown constant. To the
Eayesian, however, it is unknown and therefore a random variable. The

uncertainty about y; can be expressed Bayesianly as
V(¥ | X, Yoss) = EV(¥] X, Yorer 0) + VE@; | X, Yois0),

where the outer moments are taken with respect to P(#|X, Y,::), the posterior
distribution of the unknown model parameters. The first component on the
right-hand side, EV(y7|X,Yoy,0), represents the residual variation of
about its predicted value from the regression model. The second component,
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VE(y;|X,Y,.,0), represents the uncertainty in the regression prediction
itself. This decomposition suggests that if we want to minimize our
uncertainty after a limited amount of followup, we should target as high
priority those units that (i) have a high amount of residual variance, and
(11) have high leverage for estimation of . In other words, we should try Lo
follow up the units (i) whose values of ¥ cannot be predicted well by our
model, and (ii) whose values of X are unusual and thus, if they were
converted to respondents, could greatly improve our ability to predict the
missing ¥ values for the other nonrespondents.

In addition to the predictive variance of y;, we also need to consider the
probability that a nonresponding unit can successfully be converted to a
respondent. FEven if the predictive variance for a particular unit is high,
it may not make sense to attempt followup if the followup operation is likely
to be unsuccessful. This suggests construction of another regression model
to predict the probability of successful followup--or, perhaps, the cost of
successful followup in terms of number of attempts, field worker time, etc.
Data for fitting this model might come from similar survey operations of the
past, perhaps updated by data from the current survey as they become
available.

As data collectors begin to share information with statisticians on an
ongoing basis, one can imagine the development of a continuous-loop feedback
gystem in which the field-operations unit provides data on respondents as
they become available, and the statistical unit processes the information,
updates the parameters of its regression models, and decides which of the
remaining nonrespondents should be designated for follawup.

The second general observation that I would like to make is that not
all nonresponse mechanisms are the same. From a theoretical standpeint, it is
useful to classify nonresponse mechanisms into two categories: mechanisms
that are ignorable and mechanisms that are nonignorable. Using the notation
developed above, an ignorable mechanism is one in which the probabilities of
response do not depend on Y, after accounting for dependence cn X and Y,..
Ignorable nonrespense mechanisms tend to be easier to deal with than
nonignorable ones, and virtually all methods of nonresponse adjustment in use
today make some implicit assumptions of ignorability.

From a practical standpoint, however, nonresponse mechanisms should
probably be classified into a slightly different dichotomy: mechanisms that
are known to be ignorable, versus mechanisms that are not known to be
ignorable. Mechanisms that are known to be ignorable include those in which
the missing data are missing by design. Surveys that employ double sampling,

652




matrix sampling, etc. result in rectangular datasets with patches of missing
data that are missing by design; the data are unrecorded because the data
collecter never intended to collect them. When data are missing by design,
ignorable missing-data techniques may be applied without fear of introducing
bias. The more insidious type of missingness mechanism is the unknown type.
When the nonrespondents are a self-selecting subsample, we do not really know
how strongly the selection process may be related to the missing data Y.
When faced with missingness of this type, the only thing that a practitioner
can usually do is to apply some ignorable missing-data technique and hope for
the best--i.e. pray that any biases incurred by nonignorability will not be
Severe.

As long asg rescurces for data cellection are finite, a certain amount of
missing data will be inevitable. But the point that I want to make is this:
By intelligent allocatien of resources in the followup operation, we may be
able to convert a substantial amount of the missing data that would
ordinarily be of the type "unknown" to the type "ignorable." In a typical
followup operation of today, attempts are made to follow up nonrespondents in
a rather haphazard (i.e. unplanned) fashion until the resources run out, at
which time the data collectors close cut their operation and get on with
their lives. Decisions about which nonrespondents are to be followed up are
not made by a central decision-making unit, but are made in the field by
supervisors or by the interviewers themselves. It may be that the field
staff is placing high priority on the nonrespondent units that appear to be
easy to get, thereby attempting to minimize the number of nonrespondents that
remain after closeout. Although minimizing the nonresponse rate is a
laudable goal, the end result is that all of the nonresponse that remains
after closeout is of the type "unknown." From a statistician’s point of view,
a better strategy may be to concentrate one’s resources cn obtaining data for
a probability sample of nonrespondents, a sample that is guaranteed to be
reprasentative of the nonrespondent pool. Even if data for these units are
expensive to obtain--e.g. requiring a large number of call-backs--and the
overall rate of missingness in the end is higher than it would have been if
the followup decisions were made by field staff, the end result will be that
the missing data for nonrespondents that are not included in the followup
sample will be of the type "ignorable."

Az a scientist, I would be willing te trade a few percentage points of
missingness for a guarantee that (at least most of) the missing data are
ignorable. I suspect others would as well. The tradeoff between the cost of
missing data versus the benefit of knowing the missingness mechanism is a
subtle but important issue to which statisticians ought to pay more attention
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in the future.

2. Comments on "Model-based reweighting for nonresponse adjustment”

This paper by Binder, Michaud, and Poirier (BMP) discusses in detail the
methods used by StatCanada to model response propensities in two of its
ongoing survey=. By reading thi= papsr, and examining the tables of
regression coefficients, one develops an excellent sense of what factors may
be related to nonresponse in demographic and establishment surveys. It is
interesting to note that in regard to these two surveys, EMP and StatCanada
seem to be following the recommendations of the authors of the previous
paper: clearly documenting the rates of nonresponse, the factors related to
nenresponse, and the methods used for nonresponse adjustment.

Throughout this paper, the value of adopting a model-based approach to
ncnresponse adjustment clearly shines through. By constructing an
intelligent model for the nonresponse mechanism, one is able to carry out a

nonresponse adjustment using many more explanatory variables than would
otherwise be possible using a more traditional approach. In a more

traditional approach, one would form adjustment cells by cressing the
classes of every explanatory variable. This would be equivalent to building
a response-propensity model that includes all possible interactions among
the explanatory variables, whether or not those interactions have much
predictive power (and they often don‘t). The modeling approach adopted by BMP
allows them to exclude unimportant high-order interactions, and instead
include main effects for a larger number of explanatory variables.

One issue that may deserve a little more attention is what should be done
with the estimated response propensities once they are calculated. On this
point, statisticians north of the U.S.-Canada border tend to use the
reciprocals of these probabilities as factors in the nonresponse weighting
adjustment. Statisticians south of the border tend to form classes--e.g. by
dividing the estimated propensities into quintiles--and reweight the
observations within these classes. Little and Rubin (1987) comment that the
latter may sacrifice a little bias for the sake of reduced variance and
robustness against model failure. I wonder if anyone has done a comparison
of the two methods in a realistic setting to see which one tends to perform
better.

Ancther important issue, which is perhaps beyond the scope of the BMF
paper, relates to the underlying philosophy of response-propensity
weighting. Response-propensity weighting attempts to control and reduce
nonresponse bias. The theory of propensity scores (Rosembaum and Rubin,

654




1983) says that if reweighting could be performed on the basis of the actual
(as opposed to estimated) propensity scores, then +the reweighted
distribution of the respondents would not be systematically any different
from that of the respondents--in other words, nonresponse bias would be
eliminated. But of course, bias is only one component of error, the the other
being variance. As pointed out by Little (1986), response-propensity
weighting may do very little to control variance. 0ne might also want to
consider forming weighting classes on the basis of variables that are highly
correlated with the survey variable of interest (if any are available), so
that variance might also be reduced. Perhaps forming weighting classes on
the basis of two variables--a linear predictor of the response propensity,
and a linear predictor of the survey variable of interest--may be a
reascnable approach.

The methods described in the BMP paper also raise a number of theoretical
issues that deserve a closer look by statisticians in the Tuture. Une
question involves the wuse of complex, automated variable-selectiecn
procedures to choose a model for nonresponse adjustment. Whenever the form
of the model is chosen through examination of the sample data, the procedure
used to select the model should be considered a part of the overall methed of
nonresponse adjustment. Any calculations of bias and variance--whether
carried out analytically, or by simulation, jackknifing, etc.--should
recognize that the model itself is sample-dependent and therefore random,
and the model selection procedure must therefore be included in the
calculation.

Another, perhaps more basic, issue pertains to the criteria used for
selecting the model. EMP emphasized the principle of parsimony, eliminating
variables whose effects were not significantly differemt from zero. They
also included variables tended to reduce the number of extreme residuals. In
the end, they were left with models that had very few parameters relative to
the size of the dataset. I was left with the feeling that they could have
included more variables, provided that the model-fitting could be
accomplished in a reasonable amount of time. The usual criteria given by
textbooks on regression modeling--high R?, low prediction error, all
coefficients statistically significant, and so on--are usually appropriate
when the goal is to acquire some scientific understanding of how the response
variable is related to the pool of potential predictors. When the goal is not
necessarily scientific understanding, but adjusting for nonresponse,
however, it is not yet clear what model-selection criteria statisticians
ought to be using.

Finally, ancther issue that deserves further investigation is the proper
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role of sample-design information in the construction of response-propensity
models. I suspect that many statisticians would attempt to include design
information by fitting logistic regressions with standard software,
including the case weights (inverses of the sample-selection pruba‘bilities)
in the fitting procedure. The correctness of such a procedure is not at all
clear. If the goal were to estimate regressiocn coefficients for predicting
nonresponse for the entire population, then including the case weights would
be appropriate. The goal in response-propensity modeling, however, is to
estimate the probability of response for the units in the current sample. To
the extent that this response propensity is related to covariates describing
the sample design (e.g. stratum or cluster indicators), those covariates
ought to be included in the model somehow. But merely weighting the cases by
their inverse probability of selection 1s probably not sufficient to
guarantee that the special features of a dataset that arise from complex
sampling, such as clustering effects, are appropriately described.
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